Urban expansion results in landscape pattern changes and associated changes in land surface temperature (LST) intensity. Spatial patterns of urban LST are affected by urban landscape pattern changes and seasonal variations. Instead of using LST change data, this study analysed the variation of LST aggregation which was evaluated by hotspot analysis to measure the spatial dependence for each LST pixel, indicating the relative magnitudes of the LST values in the neighbourhood of the LST pixel and the area proportion of the hotspot area to gain new insights into the thermal effects of increasing impervious surface area (ISA) caused by urbanization in Fuzhou, China. The spatio-temporal relationship between urban landscape patterns, hotspot locations reflecting urban land cover change in space and the thermal environment were analysed in different sectors. The linear spectral unmixing method of fully constrained least squares (FCLS) was used to unmix the bi-temporal Landsat TM/OLI imagery to derive subpixel ISA and the accuracy of the percent ISA was assessed. Then, a minimum change threshold was chosen to remove random noise, and the change of ISA between 2000 and 2016 was analysed. The urban area was divided into three circular consecutive urban zones in the cardinal directions from the city centre and each circular zone was further divided into eight segments; thus, a total of 24 spatial sectors were derived. The LST aggregation was analysed in different directions and urban segments and hotspot density was further calculated based on area proportion of hotspot areas in each sector. Finally, variations of mean normalized LST (NLST), area proportion of ISA, area proportion of ISA with high LST, and area proportion of hotspot area were quantified for all sectors for 2000 and 2016. The four levels of hotspot density were classified for all urban sectors by proportional ranges of 0%-25%, 25%-50%, 50%-75% and 75%-100% for low-, medium-, sub-high, and high density, and the spatial dynamics of hotspot density between the two dates showed that urbanization mainly dominated in sectors south-southeast 2 (SSE2), south-southwest 2 SSW2), west-southwest 2 (WSW2), west-northwest 2 (WNW2), north-southwest 2 (NSW2), south-southeast 3 (SSE3) and south-southwest 3 (SSW3). This paper suggests a methodology for characterizing the urban thermal environment and a scientific basis for sustainable urban development.
Introduction
Urban areas play an important role in adapting to and mitigating climate change [1, 2] . Urbanization that converts pervious surfaces (such as grassland, forests, water bodies, crop fields, etc.) into impervious surfaces leads to variations in microclimate that impact human health and the urban environment [3] [4] [5] . As urbanization accelerates, there is growing interest in understanding its implications on climatic change and further garners considerable attention to mitigate the urban heat island (UHI) effect [6] [7] [8] .
Land surface temperature (LST) is an important parameter for the study of the urban heat island phenomenon and environmental change [9] [10] [11] [12] . Urban LST is higher and more variable than concurrent air temperatures due to the spatial heterogeneity of land cover types, variations of urban topography, building layout, building density and other factors [13] [14] [15] ; therefore, LST is affected by urban land cover types and their composition and configuration [16, 17] . The LST from Landsat sensors is often used to analyse spatial and temporal relationships between the urban thermal environment, land cover and landscape pattern [13, [18] [19] [20] . The relationship between LST and vegetation index is usually analysed to differentiate surface properties and reveal the pixels ranging from low temperature for high vegetation cover to high temperature for low vegetation cover as an effect of the urbanization process [21] [22] [23] [24] . Impervious surface area (ISA) data have been used in combination with vegetation indices to characterize LST differences [25, 26] . The percent of ISA data, which estimates the relative amount of impenetrable surface, is used to study the urban thermal environment because of strong positive correlations with LST [27] [28] [29] [30] [31] [32] [33] .
The high spectral variations of urban pixels make it difficult to classify urban land cover accurately with per-pixel classifiers [34, 35] . Therefore, traditional per-pixel classifiers cannot effectively handle the complex fine-scale urban landscape patterns due to the mixed pixel problem. Urban biophysical parameters such as Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Normalized Difference Built-up Index (NDBI) and Normalized Difference Bareness Index (NDBaI) have widely been used to analyse their relationships with remotely sensed LST and further describe the UHI phenomenon [28, 36, 37] . Sub-pixel land cover types are usually extracted by spectral unmixing and percent ISA from 0%-100% can reveal varying densities and patterns of urban areas [38, 39] . The LST within urban areas is not homogenous but interrupted by high or cold LST spots associated with areas of high or low fractional ISA [40, 41] . Hence, more research is needed to study the impacts of ISA changes on the urban thermal environment based on different areas such as the urban core, community areas, industrial areas, etc., because cities expand differently in different areas. In order to develop effective climate change adaptation strategies in urban environments, it is necessary to analyse LST and urban landscape patterns in different sectors and directions of urban expansion as an alternative approach to previous urban thermal environment analysis [39, 42] .
Instead of analysing the relationships between vegetation indices with LST, this study focused on the impact of urban percent ISA on LST clusters in different sectors. The spatial distribution of urban LST hotspots has a significant impact on human health and comfort and is essential for sustainable urban planning [3, 43] . This study attempts to analyse the directional distributions of LST clustering and urban expansion by incorporating bi-temporal LST aggregation change data with spatial statistics. This study differs from previous studies in two aspects. First, the spatial patterns of the hotspot densities were used to analyse urban land cover transformation and the thermal environment. Second, the direction and magnitude of the urban expansion effect were delineated by the proportion of hotspot areas and percent ISA when the whole urban area was classified into different angular sectors.
The objectives of this study were to (1) interpret urban land cover transformations with LST clusters and ISA and to (2) quantify the spatial pattern of the urban thermal environment in different urban segments through LST aggregation densities, analysing the direction of urban expansion.
Fuzhou, the capital city of Fujian Province, China, was selected as the study area, and two Landsat images acquired on 29 June 2000 and 27 July 2016 were selected to quantify the urban landscape patterns and the thermal environment.
Materials and Methods

Study Area and Data
The study area, located on the southeast coast of China, is shown in Figure 1 . Fuzhou has experienced rapid urban expansion over the last 20 years, with a population of about 6.5 million in 2000 and 7.5 million in 2016. Affected by the physical geographical environment, economic growth and population growth, urban planning, transportation, etc., the urban expansion of Fuzhou has varied in different areas and directions. The city has a subtropical humid climate and the vegetation cover in the region is predominantly evergreen with almost no seasonal variations. The weather of Fuzhou in spring, autumn and winter is relatively cool and the weather variations between spring, autumn and winter are not as large. The summers, however, are very hot with an average of 37.5 days of temperatures exceeding 35 • C. Therefore, in order to reduce the effect of seasonal variations, two Landsat images were selected to quantify the spatial-temporal distributions of urban landscape patterns and the thermal environment (Table 1 ). In order to assess the accuracy of subpixel land cover type derivation, high-resolution IKONOS and GeoEye-1 images, acquired close to the dates of the corresponding Landsat TM/OLI images, were also used ( Table 1) . All data were georeferenced to a common Universal Transverse Mercator coordinate system based on the geocoded high-resolution IKONOS image. The root mean square error (RMSE) of the georectification of the Landsat data was <0.3 pixels. 
Methods
The methodology for this research consisted of four main steps.
Step 1 involved fractional cover derivation, Landsat LST retrieval, and LST classification. Step 2 involved urban landscape pattern analysis based on sectors.
Step 3 delineated the spatial aggregation of LST in different urban sectors related to urban development density and direction through LST hotspot analysis.
Step 4 explored the bi-temporal impervious surface change and its impact on thermal environment through analysing the relationships between mean normalized LST (NLST), percent ISA, the area ratio of ISA with high LST, area ratio of hotspot area in each sector, and classification of hotspot densities based on the areal ration of the hot spot area at each sector.
Land Surface Temperature Retrieval and Grading
The LST was retrieved from the Landsat data by the radiative transfer equation in the study. Firstly, the digital numbers of the bands were converted to top-of-atmosphere (TOA) radiance through radiometric calibration. Secondly, the TOA radiance of visible/near-infrared bands and thermal band were respectively converted to surface reflectance and surface-leaving radiance by atmospheric correction using the radiative transfer code MODTRAN [44, 45] . The surface-leaving radiance L T is calculated with Equation (1) [46] :
where Lµ, τ and Ld, respectively, are the upwelling radiance, atmospheric transmission and downwelling radiance retrieved through atmospheric correction. ε is the emissivity calculated based on the NDVI and land cover types [47, 48] . The NDVI was calculated based on the surface reflectance of bands 3 (red band) and 4(near-infrared band) of the Landsat images. In Equation (1), L λ is the TOA radiance image of the thermal infrared band.Because the larger uncertainty existed in the thermal infrared band 11 values, the thermal infrared band 10 was recommended to derive LST for Landsat 8 (http://landsat.usgs.gov/Landsat8_Using_Product.php). Therefore, single spectral band 10 data were used to retrieve the LST in this study as that for the LST retrieval of Landsat TM/ETM+. Finally, the radiance LT was converted to surface temperature using Equation (2) [49] :
where LST is the temperature in Kelvin (K) andk 1 and k 2 are the pre-launch calibration constants respectively in W/(m 2 .sr/µm) and Kelvin. For Landsat 5 TM, k 1 = 607.76W/(m 2 .sr.µm) and k 2 = 1260.56 K. For TIRS band 10, k 1 = 774.89W/(m 2 .sr.µm) and k 2 = 1321.08 K. The LST from the TIRS image with spatial resolution of 100 m was resampled to 120 m to match the pixel size of the LST from the TM image.
Due to the effect of the seasonality and variability of atmospheric conditions, the LST of a same object will show some differences for different dates. In order to reduce the influence of such LST fluctuations, many researchers divide the LST images into defined temperature ranges [50, 51] . In this study, the LST values were subdivided into four different classes by adding or subtracting standard deviation (SD) from its mean. The four LST classes were created using the following standard:
The LST increase from LST Class 1 to LST Class 4 . The LST Class 4 area has the highest LST and is defined as a high temperature area. The map of the four LST classes can be used to analyse the evolution of the thermal environment.
The LST values can be scaled between the minimum and maximum LST values to calculate the normalized LST (NLST) to adjust the LST of images acquired at different dates [52] . In this study, the minimum and maximum LST values were identified in each LST image and were further used to calculate the NLST values as follows:
here, LST max and LST min are minimum and maximum LST values in the LST image respectively.
Spectral Unmixing by Fully constrained Least Squares and Accuracy Assessment
In this study, the fully constrained least squares (FCLS) was used to unmix the Landsat TM/OLI imagery. The reflectance of every pixel at each spectral band can be assumed as a linear combination of the reflectances of all endmembers within the pixel and that the spectral proportions of the endmembers represent proportions of the area [53] [54] [55] . The spectral reflectance in band i can be described as:
where n is the number of endmembers, f k the fraction of endmember k within the pixel, R ik the spectral reflectance of endmember k in band I, and ε i the residual error for band i. The fully constrained linear spectral unmixing algorithm results of endmember fractional cover in each pixel must sum to one and must be non-negative. These conditions can be described by Equation (6):
Because the water endmember class is not directly relevant to urban land cover composition, the water surfaces were masked out from the images before spectral unmixing. A variety of methods are used to select endmembers from the image itself [29, 56] .Yang et al. [57] proved that a triangle was the optimal construction of the spectral scatter plot in a two-dimension spectral mixing space, and the vertices of this triangle should be the optimal three endmembers. In this study, image endmembers were also derived by constructing appropriate two-dimensional spectral mixing spaces.
The spectral characteristics of ISA in urban areas vary widely and impervious surfaces can be represented by high-or low-albedo endmembers [58] . In this study, four endmembers were defined: vegetation, high-albedo impervious surfaces (such as concrete), low-albedo impervious surfaces (such as asphalt), and soil. The high-albedo fraction image also included some bare soil. Because of the spatial distribution of bare soil areas along the river, they did not have a significant effect on the estimation of percent ISA in the city. With the FCLS model, a constrained least squares solution was applied to spectrally unmix four fractional cover images. The high-and low-albedo impervious surfaces were summed to an image of total percent ISA. Because the emphasis here is on the analysis of the transformation from pervious to impervious surface and its impacts on the thermal environment, two fractional cover images of ISA are only shown in Figure 2 . The sampled plots delineated with two polygons in Figure 2a were selected on two Landsat summer images for comparing fractional covers derived by spectral unmixing and reference data derived from the high resolution IKONOS/GeoEye-1. As with our previous studies in References [39, 42] , the accuracy of fractional covers derived from TM/OLI imagery by FCLS was assessed by comparing the fraction estimates in selected test areas with the reference data extracted from the very high-resolution (VHR) IKONOS and GeoEye-1 images. Two test areas in Figure 2a were selected to analyse the accuracy. The iterative self-organizing data analysis technique (ISODATA) was used to extract land cover types from the VHR data, and the test areas were selected as reference data. This approach was feasible because the acquisition dates of IKONOS/GeoEye-1images were very close to the dates of the corresponding TM/OLI imagery. Therefore, the land cover did not change significantly between the IKONOS/GeoEye-1 and TM/OLI imagery.
Characterizing Urban ISA Changes Based on Fractional ISA
The normal method for deriving land cover change from bi-temporal land cover layers is to tabulate class change data between two different dates. This post-classification comparison can result in two problems: (i) errors of each year will propagate into the land cover change map [59, 60] , (ii) error propagation will lead to inconsistent land cover change results. In this study, the images were converted to atmospherically corrected surface reflectance. In order to analyse ISA change based on fractional ISA, a minimum change threshold was chosen to remove random noise which can arise from image misregistration, atmospheric contamination, varying sun angles and viewing geometry and other factors. The number of pixels was identified as urban expansion changes with the choice of the change threshold of fractional ISA.
Urban expansion is irreversible and urban ISA is rarely converted back to pervious surfaces between two dates [34, [61] [62] [63] [64] [65] . Hence, urban expansion refers to the expansion of impervious surface cover, and our focus was on impervious cover. Other urban land cover changes, such as the growth of vegetation, were negligible and not assessed.
Zonal and Sectoral Analysis on the Dynamics of Urban Landscape Pattern and LST Aggregation
In order to analyse the spatio-temporal urban landscape patterns and thermal environment in detail, the urban area was divided into three concentric circular zones (Zone 1, Zone 2 and Zone 3) from the city centre by comparing urban area and its expansion in bi-temporal images. Zone 1 was the urban core zone in both years, 2000 and 2016. Zone 3 included mainly peripheral urban areas. Zone 2 was a transition zone between Zone 1 and Zone 3. Zone 2 was not included in the urban area in 2000 and only in the urban area extent of 2016 because of urban expansion. Each of the three circular zones was further divided into eight different directions, thus producing a total of 24 spatial sectors as in Figure 1 . The circular zones and sectors were designed in such a way that all radial sections had different directions and different development densities. The data generated from the zonal and sectoral statistics helps in understanding the possible direction of urbanization and related landscape pattern change. Sub-dividing the urban and surrounding rural areas into different sectors enables detailed analysis of the degree of ISA change and spatial LST patterns by incorporating distance and direction as factors. Therefore, it can help in establishing spatial relationships between land cover changes and thermal environmental dynamics as a function of distance and direction from the city centre.
An analysis of the variation of urban landscape patterns and the thermal environment in different sectors was further undertaken by the hotspot analysis. The hotspot analysis tool (Getis-OrdGi*) in ArcGIS was used to explore the aggregation of LST in urban areas and evaluate how thermal aggregation is related to distance from the city centre and change of urban landscape pattern [66] . Unlike directly analysing LST maps, a pixel with a high LST value may not be a statistically significant hotspot. To be a statistically significant hotspot, a pixel must have a high LST value and must be surrounded by other pixels with high LST values. Therefore, the identification of hotspot areas does not depend on whether the value of an LST pixel is high or low. The spatial pattern and statistical significance of LST clustering was evaluated through Getis-OrdGi* as in Equation (7) 
where w i,j in Getis-OrdGi* is the spatial weight between features i and j and is calculated based on the Queen's adjacency connectivity matrix [68] , x j is the attribute value for feature j, and n is equal to the total number of features. In this study, hotspot analysis quantitatively analysed the spatial autocorrelation of LST by providing a measure of spatial dependence for each LST pixel and indicating the relative magnitudes of the LST values in the neighbourhood of the LST pixel [69] .
Results
Area-Based Accuracy of Fractional Covers
Two test sites (Figure 2a ) were selected to assess the accuracy of the total areas by comparing the total area of fractional cover for each land cover type with those estimated from the VHR reference data. Table 2 shows the results from a comparison of the reference area obtained from VHR data with the corresponding area calculated from the Landsat TM/OLI imagery by FCLS. Table 2 indicates good agreement for ISA and vegetation cover between the areas obtained from Landsat and VHR data. Comparing with the reference data, the area of ISA and vegetation in two test sites in 2000 and 2016 shows only small differences. In Table 2 , the accuracy of impervious surfaces was slightly lower in 2000 than that in 2016;the difference of ISA derived from TM/OLI imagery and corresponding VHR images was 9.85%in site 1and6.87% in site 2 for 2000 and 7.71% in site 1 and −6.55%in site 2 in 2016, respectively. The accuracy of the vegetation fractions in the two test sites was higher than for ISA at both dates, because the vegetation spectra can be easily distinguished from other land cover types. The accuracy of soil was lower because soil spectra were confused with the high-albedo impervious surfaces. The overall classification accuracy in both cases was less than 11% different between fractional covers of ISA, vegetation, and bare soil derived from TM/OLI imagery and those from VHR images which indicated that the process of fractional cover derivation was reliable. It should be noted that the focus here was not to assess the accuracy of fractional cover by FCLS but rather to provide an insight into the relationships among the change of landscape patterns and its impact on urban thermal environment. The sample areas are representative for the whole study area and provide a good representation of the overall accuracy. Considering the heterogeneity of the urban landscape pattern, the results showed that endmember fractions derived by FCLS are a good representation of reality in the study area.
ISA and LST Change Based on Different Zones and Sectors
In order to remove random noise in fractional ISA change analysis between 2000 and 2016, a change threshold of 10% fractional ISA was applied. The 10% threshold for fractional ISA change was chosen based on the experimental and empirical analysis in Figure 3 . Figure 3 shows the number of pixels identified as fractional ISA changes between 2000 and 2016. The frequency distribution of fractional ISA change suggests a turning point between 10-15%, those less than 10%, especially near 5% fractional ISA change pixels are more likely from random noise, whereas those change pixels more than 10% threshold, especially at the right of the distribution in Figure 3 are likely true ISA change. Those change pixels below 10% threshold are more likely errors, which increase rapidly from 0% to 5% and increase relatively slowly from 5% to 10%. In addition, those pixels with low fractional ISA below 10% are usually difficult to derive accurately by spectral unmixing. Therefore, the 10% change threshold can remove or reduce the noise pixels to some extent in this study.
Based on the minimum ISA change threshold of 10%, the area variation of ISA was analysed by zones and sectors. Table 3 shows the area and variation of impervious surface in three zones between 2000 and 2016. The study area includes the urban core (Zone 1) of the city, the peripheral urban areas (Zone 3), and a transition Zone 2 between Zone 1 and Zone 3 (Figure 1) ; Zones 2 and 3 have undergone very high land use alterations due to the urbanization process from 2000 to 2016. Table 3 shows that the area of impervious surface increased from 10.54 km 2 to 12.21 km 2 in Zone 1, increased from 30.61 km 2 to 58.32 km 2 in Zone 2, and increased from 52.14 km 2 to 140.96 km 2 in Zone 3, respectively. The total area of ISA increased by 118.20 km 2 from 2000 to 2016. There was a sharp ISA increase in Zone 2 and Zone 3 between the two dates. The area of impervious surface only increased by 15.84% in Zone 1; however, the area of impervious surface increased in Zone 2 by 90.53% and in the new urban development Zone 3 by 170.35% because the fringe of the urban area is the frontier of urban expansion with ISA increase. In order to analyse the variations of ISA in more detail, the area of impervious surface was aggregated for eight directions of three zones for both dates. Figure 4 shows a radar chart of the area variation of impervious surface in each sector of the three zones in 2000 and 2016. Figure 4 indicates that the ISA varied in all directions/sectors of the three zones from 2000 to 2016; however, the area of impervious surface increased relatively little, less than 1 km 2 in each sector of the urban core Zone 1 (as in Figure 4a , less than 2.0 km 2 in all directions as in Table 3 ). It should be noted that the ISA decreased very little in two directions-ESE1 and SSE1-in Zone 1 between the two dates because urban green spaces attracted more attention in urban planning than urban expansion. Figure 4b shows that ISA increased in all the directions of Zone 2, especially in the direction from WNW2 to SSE2 of Zone 2. Similar to the ISA increase in Zone 2, ISA also increased in all the directions of Zone 3, more strongly than in any direction of Zone 2 (Figure 4c) . The ISA increased over 20 km 2 in the sectors from the direction WNW3 to ESE3 of Zone 3. Constrained by the mountain located in the north of the study area, ISA increased very little from the direction NNW to ENE in Zone 2 (Figure 4b ) and Zone 3 (Figure 4c ). The results in Figure 4 not only show the area and its variation of impervious surface in different directions, but also helps to understand the thermal effects of urbanization in different areas of the city.
In addition to the ISA distribution and change analysis, the spatial heterogeneity of high LST areas was also analysed. Four LST classes were created as in Equation (3) and are shown in Figure 5 . The spatial distribution and variation of the highest level LSTareLST Class4 -between 2000 and 2016, which is related to the urbanization process, was further analysed. Compared with three zones in 
Analysing Spatial and Temporal Pattern of LST Aggregation with Urban Expansion
The hotspot analysis was applied to evaluate the spatial LST clustering that is related to the urban expansion. By providing a measure of spatial dependence for each LST pixel in the neighbourhood of the pixel, the hotspot analysis can characterize the presence of hot spots (high LST clustering) and cold spots (low LST clustering), the thermal aggregation and thermal variation over the study area at different dates [68] .
The output of the Getis-OrdGi* statistic returned for each feature in the dataset is a z-score. In this study, higher positive z-score shows clustering of high LST values (hot spot) and a smaller negative z-score represents intense clusters of low LST values (cold spot). The z-score represents the statistical significance of clustering for a specified distance. At a significance level of 0.05 (95%), z-score values >1.96 are statistically significant and chosen to identify areas with significant aggregation of high LST in this study ( Figure 6 ). Figure 6 shows the spatial distributions of hotspot areas of the study area for the two dates. Hotspot regions were highly clustered in the urban centre (Zone1) in 2000 and 2016. Compared with hotspot areas in 2000 (Figure 6a ), hotspot areas in Zone 1 changed very little in 2016 because landscape patterns of Zone 1 hardly changed from 2000 to 2016. However, hotspot areas expanded in Zones 2 and 3 in 2016 (Figure 6b ) and occupied a larger area in 2016 than that in 2000. Hotspots tended to increase visibly in some sectors of Zones 2 and 3 from 2000 to 2016. These trends were similar to urban expansion with an ISA increase between the two dates. The hotspot pattern change was affected by the spatial continuous change of urban land cover from pervious surface to impervious surface. Therefore, hotspot analysis can assess the impact of urban ISA change on the thermal aggregation, rather than focusing only on the high or low LST values separately.
The comparison of hotspot locations and their change between the two dates can help to analyse the impact of landscape pattern change on LST variation. Some sectors in Figure 6 had more hotspot locations in 2016 than in 2000 because these areas were developed as planned residential, industrial and commercial areas according to the urban plan to accommodate an increasing population. The western and southern sides of the city experienced rapid transformations of vegetated areas into residential and commercial areas. Since 2000, sectors SSE2/SSE3, SSW2/SSW3, WSW2/WSW3, NNW2/NNW3, and NNE2 developed many urban temperature hotspots due to the increasing urban building density, construction of roads and reduction of green spaces. The maximum trend of urbanization is located in Zones 2 and 3, especially in Sectors SSE2, SSW2, WSW2, NNW2, SSE3, SSW3, WSW3 and WNW3. Since Zone 1 hardly experienced noticeable landscape pattern changes between 2000 and 2016, the hotspot regions are nearly unchanged (Figure 6a,b ) though the LST (Figure 5a,b) varied between the two dates. The LST spatial pattern is affected by urban landscape pattern and season of image acquisition. Though the LST values varied or even decreased between two dates because of the seasonal difference, the effect of the thermal environment can be directly compared by LST aggregation related to urban expansion.
Interpreting Distributions of Hotspot Densities, Area Proportion of ISA/ISA with High LST and the Thermal Environment in Different Sectors
Because urban landscape patterns hardly changed in Zone 1 from 2000 to 2016 as in the above analysis, the relationships of hotspots and urban expansion based on sectors of Zones 2 and 3 were further analysed. Figure 7 shows the variations of mean NLST, area proportion of ISA, area proportion of ISA with high LST (LST Class 4 ), and area proportion of hotspot area in each sector for eight directions of Zone 2 (Figure 7a Figure 7 indicates the impact of urban ISA change on the thermal environment in different directions and different sectors. The increase was more evident in some sectors of Zone 3 than those in Zone 2 from 2000 to 2016, though the urban development density was higher in Zone 2 than in Zone 3. These variations indicate an intensive thermal environment change in different sectors through the urbanization process from urban transition Zone 2 to urban fringe Zone 3. Figure 7 shows that the change trends in area proportions for the high LST category (LST Class 4 ) in the sectors were generally similar to the changes in ISA proportion in Zones 2 and 3. From 2000 to 2016, there was an increase in the area proportion with high LST (LST Class 4 ) for some sectors of Zones 2 and 3, especially from sectors SSE2 to NNW2 of Zone 2 and from ESE3 to WNW3 of Zone 3. In the other sectors of Zones 2 and 3, the area proportion changed very little because urban expansion was limited by the north mountainous terrain.
In Figure 7 , though mean NLST, area proportions of ISA and high LST area in some sectors were higher in Zone 2 than in Zone 3 in 2000 and 2016, urban expansion resulted in greater ISA increase in some sectors of Zone 3 than in Zone 2 (Figure 4 ). This can also be shown by the increase of the hotspot area between the two dates, which also increased more in some sectors of Zone 3 than the equivalent sectors in Zone 2. Similar to the change trend of the area proportion with high LST in the sectors, the increases in area proportion of the hotspot area were small in some sectors of Zone 3, because the terrain limited the urban expansion in these sectors. In these two zones, the area proportion of high LST area increased more in some sectors such as NNE2, ENE2, and NNW2 of Zone 2, than in sectors NNE3, ENE3, and NNW3 (in the same directions as in Zone 2) of Zone 3 from 2000 to 2016 because of the limitation by the mountainous terrain. The increases in area proportions of ISA were higher in directions of NNE, ESE, SSE, and NNW in Zone 3 than in Zone 2. This reflected that, though the area and area proportions of ISA increased more in some directions of Zone 3 than in Zone 2, because the urban expansion with an ISA increase is not continuous in space, the area of hotspots may not increase proportionally in some sectors. An analysis of the variation of area proportion of hotspot areas ISA and LST in different sectors can provide information on urban landscapes and their thermal environmental structure in different degrees of development and different directions of urban areas. This can help to cope with the urban thermal environmental change on human health. In order to further analyse the degree of transformation from pervious to impervious surface and its impact on the thermal environment, proportional ranges of 0%-25%, 25%-50%, 50%-75% and 75%-100% were used to reclassify the area proportion of hotspot areas in each sector into four separate groups (Figure 8 ). Similarly, four levels of LST aggregation densities were defined by the threshold values as 0%-25% for low-density, 25%-50% for medium density, 50%-75% for sub-high density and 75%-100% for high-density of LST aggregation. Hotspot density shows the degree of LST aggregation within each sector. Figure 8 shows that the hotspot density decreased from the city centre (Zone 1) to the peripheral areas (Zone 3). High and sub-high hotspot density areas are represented in some sectors of Zone 1 and Zone 2 in both dates. However, the variations of hotspot density showed a general increase from Zone 1 to Zone 3 from 2000 to 2016. Comparing Figure 8a ,b, the variations of hotspot levels indicated the degree of pervious to impervious surface transformation and its impact on the urban thermal environment. Zone 1 nearly had no landscape pattern change between the two dates. Therefore, hotspot severity levels of Zone 1 were also unvaried though LST of Zone 1 varied and even decreased in some sectors ( Figure 5 ) between the two dates. As for the urbanization in the urban fringe, some areas in Zones 2 and 3 (especially the southern periphery of the city) was developed as a planned satellite town with large residential, commercial and industrial complexes to accommodate the increasing population. This phenomenon can be verified by the transformation of the hotspot densities of some sectors between the two dates. From 2000 to 2016, sectors WSW2, WNW2, NSW2, SSE3 and SSW3 transformed from low-density to medium-density sectors as a result of urban expansion. The low-density SSW2 and medium-density SSE2 sectors transformed to sectors of sub-high density in the same period. Since 2000, these sectors have developed as urban temperature hotspots due to the increasing construction of urban buildings and roads with a reduction of pervious surface. 
Discussion
Hotspot analysis can provide a better understanding of the urban thermal environment by analysing the spatio-temporal patterns of LST aggregation at different dates. Because of the seasonal difference, the LST increase in some urban areas between different dates may not indicate urban expansion but seasonality. Figure 6 shows that some hotspot areas increased in some sectors of Zones 2 and 3 from 2000 to 2016, which indicates that urban expansion leading to a percent ISA increase were spatially continuous in these hotspot areas. Therefore, if ISA increases spatially continuously between the two dates, the hotspot locations increase between two dates because LST aggregation is impacted by continuous spatial changes of ISA. The urban expansion increased the number and distribution of hotspots and intensified the urban thermal environment. Spatial pattern analysis of hotspot locations can help cities to adapt effectively to climate change under conditions of urban expansion.
Urbanization brings about a variation of microclimate which impacts the comfort and physical wellbeing of the residents. The four level classifications of urban LST aggregation indicating hotspot severity represent the impact of urban expansion on the thermal environment. In this study, the spatial dynamics of hotspots from 2000 to 2016 showed that the urbanization process dominated in those sectors of the southern and western city and resulted in variations of hotspot densities in these sectors. Spatio-temporal analysis of hotspots and their sectoral distribution supports UHI mitigation and urban land use planning. The findings from the spatio-temporal analysis of hotspots and their sectoral distribution are helpful for urban planning and coping with the climatic change on human health. This paper is a contribution to the improvement in the research on the impact of urban expansion on the thermal environment. However, the study has some limitations. The research is focused only on one city and future research needs to compare the findings with other cities. Another limitation is that the ISA change threshold needs to be further explored with a view to selecting an optimum threshold value. In addition, only bi-temporal images are selected in this study. Future studies need to compare the hotspot pattern change among different seasons to analyse the impact of seasonal variations on the distribution of hotspot patterns and how they are impacted by the distribution of impervious surfaces.
Conclusions
The LST hotspot locations and their change can indicate the urban expansion with transformation from pervious to impervious surface continuously in space and the variation on thermal environment. This study has provided a methodology to characterize the urban thermal environment with urban landscape pattern change instead of LST change data. The LST clustering was calculated by hotspot analysis to show the thermal intensities in different sub-divisions, and the variation of LST spatial aggregation and urban expansion between 2000 and 2016 were further analysed to generalize the pattern of urban landscape change.
By analysing the variations of mean NLST, the area proportion of ISA, the area proportion of ISA with high LST area, and the area proportion of hotspot area in each sector between the two dates, the landscape pattern change and its impact on the thermal environment were characterized in different spatial directions. Four main conclusions can be drawn from the above analysis:
(1) The sectoral hotspot division provided the directional and spatial concentration of high LST areas and further helped to delineate landscape transformation of different areas. The analytical method is helpful for urban planning and adapting to the variation of the thermal environment.
(2) Spatial dynamics of LST aggregation by sectors between the two dates showed that urbanization mainly dominated in sectors SSE2, SSW2, WSW2, WNW2, NSW2, SSE3, and SSW3, which may be treated as prioritized management areas.
(3) The analytical results show that the spatial pattern analysis of hotspots in four classes of densities can provide a good method for multi-temporal analysis on urban thermal environment, comparison of urban LST intensities and mapping the direction of urban expansion.
(4) The results showed that the hotspots areas generally increased positively with increasing ISA in the sectors between the two dates though LST change between the different dates is impacted by seasonal differences of the acquisition dates. However, in some sectors, the urban expansion with the ISA increase was not continuous in space, the hotspot area may not increase as much as the ISA increased.
This study presents an approach combining urban landscape patterns with LST aggregation analysis in different directions and development areas. Though there may be some uncertainties such as LST classification and sectors classification in the methodological framework, the findings are helpful for urban planning and coping with urban climatic change. Further studies are advised to consider aspects such as estimating the urban cooling effect of urban green spaces by analysing the location of cold spots, the thermal environmental changes along with the different seasons, and comparison of LST aggregation pattern in different cities. In addition, though Ke et al. [70] proved that, given that the same atmospheric correction methods, the NDVI derived from multiple sensors such as Landsat TM/ETM+ and OLI instruments had good consistency, further evaluation of the agreement in surface reflectance and vegetation indices derived from multiple sensors is required because of the spectral differences between these sensors.
